Grass pollen is the world's most harmful outdoor aeroallergen and sensitivity varies between 33 species. Different species of grass flower at different times, but it is not known how airborne 34 communities of grass pollen change in time and space. Persistence and high mobility of grass 35 pollen could result in increasingly diverse seasonal pollen communities. Conversely, if grass 36 pollen does not persist for an extended time in the air, shifting pollen communities would be 37 predicted throughout the summer months. Here, using targeted high throughput sequencing, 38
Introduction 48
Allergens carried in airborne pollen are associated with both asthma [1] and allergic rhinitis 49 (hay fever), negatively affecting 400 million people worldwide [2] . Pollen from the grass 50 family (Poaceae) constitutes the most significant outdoor aeroallergen [3, 4] , and more 51 people are sensitised to grass pollen than to any other pollen type [5] . However, despite the 52 harmful impact of grass pollen on human health, current observational studies and forecasts 53 categorize grass pollen at the family level [Poaceae; 6, 7] due to difficulties in differentiating 54 species and genera of grass pollen based on morphology [8] . Furthermore, we cannot predict 55 seasonal variation in airborne grass pollen from the phenology of local grasses at ground 56 level, since airborne pollen can be highly mobile [9, 10] and often does not directly correlate 57 to local flowering times [9] . Understanding the taxon-specific phenology of airborne pollen 58 would fill a significant knowledge gap in our understanding of allergen triggers, with 59 associated benefits to healthcare providers, pharmaceutical industries and the public. (Vernal grasses). However, it is unknown whether particular grass species contribute more to 66 the prevalence of allergic symptoms and related diseases than others [11] . Whilst some 67 grasses have been identified as more allergenic than others in vitro (triggering higher levels 68
of Immunoglobulin E (IgE) antibody production), there is a high degree of cross-reactivity 69 between grass species [12] . In addition, the allergen profiles and the degree of sensitisation 70 differ between grass species [12, 13] (May to August), thereby supporting our hypothesis (i) that species composition of airborne 94 grass pollen will change throughout the grass allergy season (Fig 1, Fig 2) . Time, measured as 95 number of days after the first sample was collected, is a good predictor of airborne grass 96 pollen taxon composition using both markers (Fig 1-2 ; ITS2, LR1, 74 = 128.8, P = 0.001; rbcL, 97 LR1, 71 = 46.71, P = 0.001). We found that month (coded as a factor in the models) improves 98 our ability to predict taxonomic composition across the pollen season (Fig 1-2 ; ITS2, LR1, 70 = 99 319.7, P = 0.001; rbcL, LR1, 67 = 217.25, P = 0.001). In addition, community-level ordination 100 reveals that the community as a whole changed across the allergy season (S2 Fig) . 
112
The top five genera contributing to airborne pollen, indicated by the relative abundance of 113 taxonomy marker genes, were Alopecurus, Festuca, Lolium, Holcus and Poa (Fig 1; S3 Fig) . Each of these genera are widespread in the UK and have been shown to provoke IgE-115 mediated responses in grass-sensitised patients [12] , providing candidate species for links 116 with hay fever and asthma exacerbation. Conversely, less prevalent species in the dataset 117 could contribute disproportionately to the allergenic load. Species such as Phleum pratense 118 have been identified to be a major source of allergenic pollen [5, 22] . However, we found 119
that Phleum made up a very small proportion of metabarcoding reads (Fig 2), corresponding  120 with the results of an earlier phenological study [23] . Most genera, such as Phleum, 121
Anthoxanthum and Dactylis, show distinct and narrow temporal incidence (Fig 2) , and could 122 allow researchers to identify grass species associated with allergenic windows with greater 123 accuracy. 124 125 Changes in species composition over time were localised. We found that peaks in abundance 126 of airborne pollen occurred at different times at each location during the summer (Fig 1-2) . 127
For example, the relative abundance of airborne grass pollen from the genus Poa peaked in 128 mid-June in Worcester and Bangor but 6-8 weeks later in Invergowrie (Fig 1) , probably due to 129 latitudinal effects on flowering time [7, 24] . This is supported by a significant interaction 130 between latitude and time of year for both markers (Fig 1-2 ; ITS2, LR68, 1= 46.4, P = 0.001; 131 rbcL,LR66, 1= 59.08, P = 0.001), and between longitude and time of year for the ITS2 dataset 132 (Fig 1-2 ; LR 67, 1 = 37.5, P = 0.001). Differences in species composition of airborne grass pollen 133 between the six sampling sites is supported by a significant effect of latitude (Fig 1-2 ; ITS2, 134 LR1, 73 = 73.2, P = 0.001; rbcL, LR1, 70 = 26.4, P = 0.025) and longitude (Fig 1-2 ; ITS2, LR1, 69 = 135 36.5, P = 0.005; rbcL, LR1, 69 = 27.10 P = 0.018). These results do not support our hypothesis 136
(ii) that the composition of grass pollen will be homogenous across the UK, and instead 137 suggest taxon-specific effects of regional geography and climate which have been 138 demonstrated for Poaceae pollen as a whole [7] . 139 140 Observations of first flowering dates from a citizen science project (UKPN; 141 www.naturescalendar.org.uk) and metabarcoding data show similar sequences of seasonal 142 progression (Fig 3) . First flowering dates of each genus started almost 3-4 weeks prior to the 143 observation of peaks of grass pollen in the metabarcoding data (Fig 3) . Pollen release 144 (anthesis) occurs approximately 2-3 weeks after the production of flowering heads (heading) 145
[25], and this is reflected in the metabarcoding data suggesting that local flowering data are 146 informative for predicting the composition of airborne pollen. Continuing this study over 147 multiple years would allow us to track long-term, phenological changes in airborne pollen 148 communities and improve our ability to forecast the seasonal progression of airborne pollen 149 We collected aerial samples from six sites across the UK (S3 Table; Office UK Pollen Monitoring Network, which provided daily pollen count data. In the seven-171 day volumetric trap, aerial particles are collected onto an adhesive coated tape supported on 172 a clockwork-driven drum. The tape is cut into 24 h sections and pollen are identified and 173 counted under a microscope [7] . Bangor was the only sampling site which was not part of the 174 pollen monitoring network, but we deployed the same methodology at the Bangor site. 175 176 Sampling began in late May 2016 (S4 Table) and during alternate weeks, aerial samples were 177 collected for seven days for a total of seven weeks between 25 th May and 28 th August. Exact 178 sampling dates varied slightly between sites (S4 Table) From the 279 daily aerial samples, 231 were selected for downstream molecular analysis, as 183 described below. Within each sampling week, two series of three consecutive days were 184 pooled. Pooled samples were selected based on grass pollen counts obtained by microscopy. 185
The final, unselected, day was not used in downstream molecular analysis. In total, seventy-186 seven pools of DNA were created. In one instance, three consecutive days of pollen samples 187 were unavailable (Invergowrie, week 2, pool 2) due to trap errors. For this sample, the next 188 sampling day was selected for pooling (S4 Table) . DNA was extracted from daily samples 189 using a DNeasy Plant Mini kits (Qiagen, Valencia, CA, USA), with some modifications to the 190 standard protocol as described by [27] . DNA from daily samples was pooled and eluted into Table) . Table, S5 Table) for 30 s (10 cycles); 72 °C for 5 min, 4 °C for 10 min. Both PCRs were run in triplicate. The 214 same set of unique indices were added to the triplicates which were then pooled following 215 visual inspection on an agarose gel (1.5%) to ensure that indices were added successfully. 216
Pooled metabarcoding libraries were cleaned a second time using Agencourt AMPure 217 magnetic bead purification, run on an agarose gel (1.5%) and quantified using the Qubit high 218 sensitivity kit (Thermo Fisher Scientific, Massachusetts, USA). Positive and negative controls 219 were amplified in triplicate with both primer pairs and sequenced alongside airborne plant 220 community DNA samples using the MiSeq. Sequence data, including metadata, are available 221 at the Sequence Read Archive (SRA) using the project accession number SUB4136142. 222
223

Bioinformatic Analysis 224
Initial sequence processing was carried out following a modified version of the workflow 225 described by de Vere et al. [27] . Briefly, raw sequences were trimmed using Trimmomatic 226 v0.33 (42) to remove short reads (<200bp), adaptors and low quality regions. Reads were 227 merged using FLASH v 1.2.11 [27, 31] , and merged reads shorter than 450bp were excluded. 228
Identical reads were merged using fastx-toolkit (v0.0.14), and reads were split into ITS2 and 229 rbcL based on primer sequences. 230
231
To prevent spurious BLAST hits, custom reference databases containing rbcL and ITS2 232 sequences from UK plant species were generated. While all native species of the UK have 233 been DNA barcoded [19] , a list of all species found in the UK was generated in order to gain 234 coverage of non-native species. A list of UK plant species was generated by combining lists of 235 native and alien species [32] with a list of cultivated plants obtained from Botanic Gardens 236 Conservation International (BGCI) which represented horticultural species. All available rbcL 237 and ITS2 records were downloaded from NCBI Genbank, and sequences belonging to UK 238 species were extracted using the script 'creatingselectedfastadatabase.py', archived on 239
GitHub. 240 241
Metabarcoding data was searched against the relevant sequence database using blastn [33] , 242 via the script 'blast_with_ncbi.py'. The top twenty blast hits were tabulated 243 ('blast_summary.py'), then manually filtered to limit results to species currently present in 244
Great Britain. Reads occurring fewer than four times were excluded from further analysis. 245
All scripts used are archived on GitHub: https://doi.org/10.5281/zenodo.1305767. 246
247
Statistical Analysis 248
To understand how the grass pollen composition changed with space and time, the effect of 249 time (measured as the number of days after the first sampling date), latitude and longitude 250 of sampling location were included in a two-tailed generalized linear model using the 251 'manyglm' function in the package 'mvabund ' [34] . The proportion of sequences was set as 252 the response variable; proportion data was used as this has been shown to be an effective 253 way of controlling for differences in read numbers [35] . The effect of time, latitude, 254 longitude, month (coded as a factor), and the interaction between time and latitude were 255 included as explanatory variables in the models. In addition to these explanatory variables, 256 the interaction between time and longitude was included in a model to analyse the ITS2 data 257 (S6 Table) . 258 259 The data best fit a negative binomial distribution, most likely due to the large number of 260 zeros (zeros indicate that a grass genus is absent from a sampling location), resulting in a 261 strong mean-variance relationship in the data (S6 Fig). The proportion of sequences was 262 scaled by 1000 and values were converted to integers so that a generalized linear model with 263 a negative binomial distribution could be used. Model selection was based by Akaike 264
Information Criterion (AIC) (S6 Table) and visual inspection of the residuals against predicted 265
values from the models (S7 Fig) . Holcus lanatus. As grass pollen could only be reliably identified to genus level in the 272 metabarcoding data, the taxa compared may not have been exactly equivalent since both 273
Alopecurus and Holcus contain other widespread species within the UK. However, Alopecurus 274 pratensis and Holcus lanatus are the most abundant species within their respective genera. 275
The comparison was only carried out for ITS2 data because two of the three genera were not 276 identified by the rbcL marker. 277 278 NMDS ordination was carried out using package 'VEGAN' in R [36] , based on the proportion 279 of total high-quality reads contributed by each grass genus, using Bray-Curtis dissimilarity (S2 280 Fig) . Ordination is used to reduce multivariate datasets (e.g. abundances of many species) 281 into fewer variables that reflect overall similarities between samples. A linear model was 282 carried out using the 'lm' function within the 'stats' package in R, in order to investigate the 283 relationship between the number of reads obtained for each genus using the rbcL and ITS2 284 
